ABSTRACT

ATTRI, PANKAJ. Detecting Cough in Audio Recordings with Out-of-Distribution (OOD) Data
Detection Techniques. (Under the direction of Dr. Edgar Lobaton).

Cough is an important defense mechanism of the respiratory system and is also a symptom
of lung diseases, such as asthma. Detecting cough in audio recorded using portable recording
devices is a convenient way to track lung health of patients, but the data used in building cough
detection models are often clean, contains a limited set of sound categories, and thus the models
perform poorly when exposed to a variety of real-world sounds in the audio. The sounds that are
not learned by the model are referred to as Out-of-Distribution (OOD) data. In this work, we
propose two robust cough detection methods combined with an OOD detection techniques that
remove OOD data without sacrificing cough detection performance of the original models. These
methods include adding a learning confidence parameter and maximizing entropy loss. Studies
conducted in this research also proved that machine learning models can effectively learn and
predict cough using data collected by the wearable devices whilst protecting patient privacy by re
sampling audio at lower sampling frequencies to inhibit speech recognition. Our experiments show
that 1) the OOD system can produce dependable In-Distribution (ID) and OOD results at a
sampling rate of 750 Hz and above; 2) the OOD sample detection tends to perform better for larger
audio window sizes; 3) the overall accuracy and precision gets better as the proportion of OOD
samples increases in the recordings; 4) a higher percentage of OOD data is needed to realize
performance gains at lower sampling rates. The incorporation of OOD detection techniques
improves cough detection performance by a significant margin and provides a valuable solution to
real-world acoustic cough detection problems.

We also explored the hyper parameter space and analyzed effects of using a varying set of

Mel Spectrogram generation parameters on model’s accuracy in detecting both In Distribution



(ID), i.e., cough and speech, and Out of Distribution (OOD) data. The results prove that there is
value in exploring the hyper parameter selection space for all sample rates and that a unique
optimal set of hyper parameters should be used for different sample rates before training models.
It also proves the fact that an increase in performance of OOD detection further increases the
overall ID sample (i.e., cough) classification. This part of the study was limited to only use a

sample rate of 750Hz, but the results can be easily extrapolated to other frequencies.
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Chapter 1: Introduction
1.1 Introduction

The current COVID-19 pandemic is the starkest reminder of the fact that respiratory
diseases can severely affect people's health. Diseases like Asthma, COPD, Pneumonia, TB etc.
affect or kill millions of children and adults every year [1][2]. In 2019, respiratory diseases
comprised three of the top 10 causes of death according to the World Health Organization (WHO),
leading to more than 8 million deaths annually. Thus, continuous monitoring of respiratory
diseases and early detection, such as that of an Asthma attack, have huge benefits both for patients
and physicians alike. But diagnosis of these diseases is often incorrect, and only 25-50% of these
patients are known to their doctors [3]. Cough is the most apparent indicator of respiratory diseases
and can be detected in audio recording using machine learning models. Audio recordings are
usually done by in-home wearable devices [4] but there are some challenges in using data collected
by these devices. Real world noises in the recordings largely affect the device and machine learning
models’ ability to effectively detect cough. A lower performance is expected for a machine
learning model if it is applied to data that does not follow the distribution of the target classes used
for training. Deep neural network classifiers can give high-confidence predictions to OOD inputs
and lead to suboptimal results [5][6]. This is particularly true when switching from a control setting
for data acquisition to less structured settings in the real-world. Samples that do not follow the
training distribution are not learned appropriately by the models, and they are referred to as Out-
of-Distribution (OOD) data. On the other hand, data that the models have seen during training is
referred to as In-Distribution (ID) data.

Most of the research related to cough detection focuses on specific sound classification

problems and assumes the data are clean but low data quality caused by ambient environmental
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noise affects model performance. In this study we introduce an OOD detection techniques to tackle
this issue. These techniques are embedded in machine learning models such that the model can
classify cough after discarding any OOD samples.

The models developed in this study are primarily image classification models and so we
transform the audio recordings into 2D images, images that can be used to train the models. We
used two time-frequency analysis methods to convert audio recordings into 2D images: Fourier
transformation (FFT) and Power Spectral Density (PSD). The images generated using these
techniques are called Spectrograms/Mel-Spectrograms. We used PyTorch packages for Short-term
Fourier Transformations (St-FFT) and collaborated with SAS to get Short-term Power Spectral
Density (St-PPSD) transformations of audio signals. Majority of the study was carried using St-
FFT but we also compared performance of St-FFT based datasets to St-PPSD based datasets to
find out if one performs better than the other.

Lastly, we conducted additional experiments to analyze the effect of changing the Mel
Spectrogram generation parameters on model performance. The models trained in our study were
initially all trained on datasets generated using a fixed set of parameters. In this part we created
multiple datasets using a variable set of parameters and studied their impact on performance. The
results indicate that there is tremendous value in exploring the parameter space to create even more
accurate models. This part of the study focused only on the 750Hz resampled audio signals, but

the results can be easily extrapolated to other sample rates.

1.2 Current and Future state of research

Fig. 1 shows current and future state of the research work.
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Figure 1. Current and Future state.

The stream at the top is what we have achieved so far where we have used publicly
available datasets to create neural network models that have OOD techniqgues to classify cough in
audio recordings. As a next step we will test these models on recordings done by actual human
beings who are enrolled as part of the larger study. In the future state, we plan to use our models
to do real time predictions on audio recordings so that physicians and/or patient’s family members
can be notified in real time for cases like Asthma attacks where notifying physicians of an onset

of an Asthma attack can potentially save the patient’s life.

1.3 Preliminary work
ARO0S (Active Robotics Sensing Lab) lab created neural network models trained on ESC

50[9], FSDKaggle2018[10], LibriSpeech[11] datasets and concluded [12 ] that a down sample rate
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of 750 Hz is enough to convincingly obfuscate speech for privacy purposes maintaining a
specificity, sensitivity, and accuracy of 0.92 + for cough classification. The models were CNN
based neural network based on FENet architecture (pretrained on Google Audio dataset). Input
data had audio segments of 1.5 sec interval. The work did not include any OOD detection

techniques and focused only on classifying cough and speech samples in the datasets.

1.4 Contributions

The main contributions of this study include the following:

e We used following publicly available datasets: Musan [37], Coughvid [35], and
FluSense [7]. Datasets were created for several frequencies and audio length intervals
to train models that detect both In-Distribution and Out-of-Distribution data.

e The OOD detection task was embedded in the same model that performs ID data
classification. We implemented two different OOD techniques to compare their
performance against baseline models that do not have any OOD detection capabilities.

e We experimented with multiple sampling frequencies to find out the lowest sampling
frequency that can be used to create models to convincingly detect cough while
inhibiting speech recognition to ensure no patient privacy information is leaked. We
showed that the cough detection with OOD detection can produce reliable results at
above 750 Hz sampling rate at 1.5 - 10 seconds window sizes.

e We demonstrated that the performance of baseline models starts to deteriorate as the
OOD data proportion increases in the data passed in the models for testing. The gains
become more prominent at higher sample rates and for higher proportions of OOD data.

e We compared performance of regular spectrograms generated using St-FFT

transformations with St-PPSD based spectrograms and concluded that neither
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outperforms the other in all metrics. The caveat here is that we tested only with 3
sampling frequencies. Generating PPSD based datasets takes a lot of time and that
restricted us to do a fair comparison between the two. More work in this area is planned
for next phase.

We analyzed the performance impact of varying Mel Spectrogram generation
parameters on model performance and concluded that there is tremendous value in
exploring the hyper parameter space to find an optimal parameter combination for a

sampling frequency.

1.5 Organization

Research work in this study is split in four different phases. Each phase is detailed in a

separate chapter. For each phase, experiment, dataset, and result details are provided. Individual

chapter details are below:

Chapter 2: There are two parts in this chapter. The first part provides details on the
work research community has already done for cough detection including OOD data
task. The second part provides details about the proposed methods that we implemented
in the study.

Chapter 3: Provides details of Phase I of the work, which was focused on improving
preliminary work, i.e., cough detection pipeline and exploring OOD detection
techniques.

Chapter 4: Phase 11 of the work revolves around experiment with more robust datasets,

different model architectures, and implementation of OOD techniques.
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Chapter 5: This chapter has details on Phase I11 of the work where we collaborated with
SAS to find out whether SAS St-PPSD transformed spectrogram images perform better
than St-FFT based Spectrogram images.

Chapter 6: Phase 1V of the work. Focused on conducting experiments to analyze impact
of Mel Spectrogram generation parameters on model performance.

Chapter 7: Conclusions and future work.



Chapter 2: Related work and approach
2.1 Related Work

Cough detection has been studied widely using traditional statistical techniques [13][14],
but researchers have also started to implement machine learning algorithms to learn audio signal
features that can be used to detect cough [20] [21]. Some of these works use Short-time Fourier
transform (STFT), Mel-frequency cepstral coefficients (MFCC) and Mel-scale filter banks (MFB)
to create input datasets. The actual models use a variety of classifiers including logistic regression,
feed-forward artificial neural network, support vector machine, and random forest. Other works
by Monge-Alvarez et al. [22] propose using high-level data representation steps to enhance cough
detection performance and Lee et al. [23] proposed adding data augmentation processes. [24] also
used an ensemble of classifiers to work around hardware device issues and the cross-device
discrepancies. In the preliminary work conducted by the ARoS lab, Mahmound et al. [12]
demonstrated the effectiveness of a logistic regression classifier with Mel-spectrogram input
applied to cough and speech audio using various sampling frequencies and window sizes. This
work also uses Mel-spectrograms of audio signals as inputs to machine learning models based on
Resnet, VGG, and EfficientNet based architectures with custom OOD detection techniques to
improve overall cough classification performance.

There have been several studies conducted to handle the problem of OOD data in the world
of computer vision [25] — [34]. Some of these works did not change the underlying model
architectures and instead rely on using softmax function to separate OOD data [25][26], while
others add an additional output indicating the confidence of the results to identify OOD inputs
[27]-[29]. In this work we implemented two OOD detection techniques. In the first approach, we

add a learning confidence output [27] to the ID cough prediction branch of the model and in the
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second the SoftMax loss is replaced by a custom classification layer and a custom loss function
called IsoMaxPlus loss [19], which adheres with the principles of maximum entropy. The
classification layer learns a prototype for each class and uses distance as a measure to separate

OOD and ID data.

2.2 Proposed Methods

Machine learning models we created in this study tackle cough detection and out-of-
distribution detection problems simultaneously. The workflow of the proposed pipeline is shown
in Fig 2. In our proposed pipeline, we use Mel-spectrogram [40] as audio inputs to a Convolutional
Neural Network (CNN) based models to extract features for cough and out-of-distribution
detection tasks. The output is first analyzed to determine whether it meets a criterion to be
classified as OOD, and if it does then it is discarded before the model classifies the rest as cough
or non-cough. We experimented with different CNN based models as backbones along with two
classifiers that have OOD detection capabilities. For CNNs, we test the Frequency Extraction
Network (FENet) in [18], Residual Network [17], EfficientNet [31] and VGG [36] based models.
We test our pipeline on two different datasets. To find the best CNN model backbone, we used a
dataset from our earlier pipeline [12] and to find out the best model (for cough classification and
OOD detection) we used a different set of datasets. We also investigated how different sampling

rates and window sizes of the audio signals affect the results.
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Chapter 3: Identifying alternative classifiers and model backbones

In this chapter we explain work done in Phase I, which was focused on improving models
created in the preliminary work. We identified two areas to explore for improvements. The first
one focused on improving the classifier used in the FENet based models and the second one
focused on exploring alternative model backbones like ResNet and VGG based architectures to

compare performance of FENet architecture.

3.1 Datasets

Table 1 lists the source data used for generating datasets for this phase. ESC 50[9],
FSDKaggle2018 [10], LibriSpeech [11] are publicly available datasets. All audio files are
converted and saved in WAV format. The length of audio files in the datasets varies from 5 to 30
seconds. For the first phase we extracted 1.5 second audio intervals from these files. Note that the
optimal length of audios was investigated in [12]. The audios were manually annotated for cough
signals by student assistants. The cough dataset has 8,046 data points extracted from both the ESC-
50 and FSDKaggle2018 datasets. 11,372 speech data points were extracted from the LibriSpeech
dataset. No changes were made to the process of extracting data as used in [12]. The dataset was
split into training (80%), validation (10%), and testing (10%) subsets. The audio clips once

generated were transformed to Mel-Spectrogram 2D images using PyTorch packages.

Table 1. Dataset Details

Data Type Audio Type Dataset
In-Distribution (ID) | Cough ESC-50
FSDKAGGLE 2018

Speech LibriSpeech
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Table 1. (continued).

Out-of-Distribution Respiratory RESP
(O0D)

3.2 Setup and Experiments

As stated above the first part focused on experimenting with classifiers to find out if the
existing logistic regression classifier used in the FENet model can be improved. All experiments
were run on Colab notebooks with GPU accelerators and using PyTorch packages. The FENet
architecture is shown in Fig. 3. As explained in [12] blocks B1 through B5 each consist of two
cascaded copies of a convolutional layer followed by batch normalization and then a ReLU
activation, with 16, 32, 64, 128, and 256 feature maps respectively. Block B6 consists of a
convolutional layer with 512 feature maps followed by batch normalization, a ReLU activation,
and then max pooling. Block F1 consists of a convolutional layer with 1024 feature maps followed
by batch normalization and a ReL U activation and block P is a global averaging pooling layer that

outs a 1024 feature map for each sample passed through the network.

1
1
1
Block Block Block Block Block Block Block Block Logistic
Bl B2 B3 B4 B5 B6 F1 P | Regression

Figure 3: FENet architecture

For experiments with new classifiers, we tested two decision trees-based classifiers:
XGBoost and Random Forest. Input to these classifiers were the 1024 high level features obtained

from block P of the FENet model as shown in Fig. 3. The experiments were performed only for
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one sampling frequency of 16,000 HZ for 1.5s audio recordings. Results obtained with the three
classifiers are noted in Table 2. Note that the results are model’s performance in recognizing cough
and speech data with cough being the True Positive (TP) class. The results from the testing proved

that considering all metrics the logistic regression classifier outperformed other classifiers.

Table 2. Classifier results comparison

Random Forest
FENet with Logistic XGBoost (default params) | (max features =32, n_e =
Regression 50)
Discriminator Stats Discriminator Stats Discriminator Stats
Sensitivity/Recall 0.955 | Sensitivity/Recall 0.968 | Sensitivity/Recall 0.923
Specificity 0.973 | Specificity 0.946 | Specificity 0.971
Accuracy 0.966 Accuracy 0.955 | Accuracy 0.951
Matthew’s correlation Matthew’s correlation Matthew’s correlation
coefficient 0.929 coefficient 0.909 | coefficient 0.899
Precision/PPV 0.962 Precision/PPV 0.927 | Precision/PPV 0.957
NPV 0.968 NPV 0.976 | NPV 0.947

The other set of experiments that we conducted tested different model backbones as
alternatives to the FENet architecture. Architectures that we tested were ResNet and VGG. For
this part we used the 16,000 Hz sampling frequency with 1.5 sec audio intervals. The results are

shown in Table 3.
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Table 3. Model architecture performance

Framework FENet ResNet18 VGG16
Epochs 1 1 1

Sample Rate 16000 16000 16000
Pretrained Yes Yes Yes

Classifier Log Regression Log Regression Log Regression

Discriminator Stats

Train loss 0.005 0.0001 0.001
Valid loss 0.004 0 0.004
Test loss 0.090 0.001 0.084
Sensitivity/Recall 0.955 1 0.950
Specificity 0.973 1 0.998
Accuracy 0.966 1 0.978
Balanced accuracy 0.964 1 0.974

Matthew’s correlation

coefficient 0.929 1 0.955
Precision/PPV 0.962 1 0.997
NPV 0.968 1 0.966

As is clear from the results in Table 3 both ResNet and VGG architecture based model
outperformed FENet models. This result helped us identify that we needed to move away from

FENet architecture and use ResNet based models for the remaining study.
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3.3 O0OD techniques

In addition to the experiments to find better classifiers and model architectures Phase | also
focused on researching OOD data detection techniques. Two techniques were shortlisted. The first
is adapted from the learning confidence out-of-distribution detection model [27], which estimates
learning confidence for neural networks and produces intuitively interpretable outputs. It generates
a confidence value for each predicted output in the range of 0 to 1. A confidence value close to 1
indicates that the data is more likely to be an in-distribution data and a score close to 0 indicates
that the data is more likely an OOD data. Learning confidence is estimated by adding a confidence
estimation branch along with the original class prediction branch after the second to last layer of
the original network. To test this technique, we used a ResNet-18 model and replaced the last layer
with two separate layers. One controlling the prediction task and the other the confidence
estimation task. The prediction layer is a linear layer with two outputs followed by SoftMax
function that generates output probabilities p and the confidence layer is again a linear layer with
single output followed by a Sigmoid function that generates a confidence score c. This process can

be represented as:

p,c= fg(x), Pi,CE€ [0'1]' pi = 1

N

Eq.1
i=1 g

where x is the Mel spectrogram input and 0 represents the parameters for the neural
network. After adding a dependency on the confidence score ¢, the modified predicted probability
becomes:
p =c.p+1—-c)y Eq. 2
where y is the true class. A value of c close to 1 indicates that the modified predicted

probability is close to the predicted probability, in other words the results are more convincing,
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and the input data is ID. On the other hand, a value close to 0 will push the modified predicted
probability towards the ground truth, which highlights that the predictions are not accurate, and

the input data is OOD. The binary cross entropy loss using predicted probability becomes:
2 Eq. 3
Le= - Zlog(pé) Vi
i=1
To ensure that the model does not try to set the value of ¢ close to 0 in Eq. 1 we add a
penalty to the confidence score c.
L. = —log (¢) Eq. 4
The total loss function then becomes:
L= 1L+ A.L, Eq.5
where A is a hyper-parameter. Fig. 4 shows a typical confidence distribution histogram for
ID and OOD samples. It is easy to notice that the majority of OOD samples have a confidence

score that is closer to 0 and 1D samples are more closer towards a confidence score of 1.
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Figure 4. Confidence score histogram
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The second OOD detection technique [19] employs a custom classification layer and a

custom loss function as shown in equation 6 below.

_ i Eq. 6
oo = -3 o ( exp ( d(fe(x),ap)j )_yi q
% exp (=d(fo(x), zy)

i

where fy(x) denotes the embedded high-level features and zé, denotes a learnable
prototype of class j. These prototypes are learned during training process by minimizing loss
function. The function d(., .) is equal to the nonsquared Euclidean distance between sample
features and class prototypes, and y stands for the correct class label. This loss function is a drop
in replacement for the SoftMax loss function because it follows the same normalization and logits
structure. The negative notation for the distance measure indicates an inverse relation with the
logit because a smaller distance value to the class prototype will place a sample close to the correct
class prototype. An extension on the IsoMax loss, called IsoMaxPlus loss is also proposed by [ 19]
in which f, (x) and zéb are replaced with their normalized versions making the loss function to be:

exp (—EsBI1fo(x) — 2511 ) Eq.7
L soMaxPlus — — 1 ~ : Vi
sovesras = =) °g<z,-exp —EBIfr0 - 251D)

i
Where E is an entropic scale and g is a learnable parameter. The distance measure, called
Minimum distance Score (MDS) is then used to calculate a distance threshold to distinguish ID

from OOD data. The MDS is give be:
MDS = min(||fs () = ZI) Ea. 8
]
Fig. 5 shows an example of the distance distribution histogram for ID and OOD samples.

You will notice that the ID-cough, and ID-cough samples are much closer to the origin than the

OOD samples.
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Figure 5. MDS score histogram

3.4 Learnings

Experiments conducted in this phase proved that we need to use other model architectures
than the FENet architecture used in the preliminary study. The other learning was that we need to
use more robust datasets because we got a perfect score of 1 on all metrics with the ResNet-18
model, which highlights that the dataset did not have enough variation and that the models were

overfitting.



18

Chapter 4: Experiment with new datasets & implement OOD techniques
Phase Il of the work concentrated on experimenting with new datasets and implementing
OOD techniques on the new datasets. Sections below provide details on the datasets used and the

results obtained on cough classification with OOD data detection techniques.

4.1 Datasets

We used four different data sources for generating datasets for this phase. Coughvid dataset
[35], FluSense dataset [7], the Musan dataset [37], and the LibriSpeech dataset [11]. Cough and
speech samples were generated from Coughvid & FluSense, and from Musan dataset &
LibreSpeech datasets respectively. These two classes combined formed our in-distribution dataset.
Coughvid dataset was recently collected with over 25,000 crowd sourced cough recordings and
contributes as one of the largest expert-labeled cough datasets in existence and data in FluSense
was collected by a low-cost microphone sensor attached to a Raspberry Pi. The Musan dataset
contains a corpus of music, speech, and noise. Music and noise are used to generate out-of-
distribution datasets. Audio clips are generated using sliding windows. The training, validation,
and test datasets follow a 75%, 15%, and 10% splits respectively. OOD detection techniques
applied to the models do not need OOD data for training and validation purposes so the only dataset
that contains OOD data is the test dataset. The proportion of OOD data as compared to ID data is
varied from 0% to 100% for some experiments and 0-50% for others, where at 100% the proportion
is 2:1 where the number of OOD samples equals number of cough samples plus number of speech
samples. We created multiple datasets by resampling audio clips at various sampling frequencies
{250, 400, 500, 750, 1k, 2k, 4k, 6k, 8k, 10k, 12k, 14k, 16k} Hz and by using various audio intervals

of {1.5, 2, 3, 4, 5, and 10} seconds. The audio clips once generated were transformed to Mel-
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Spectrogram 2D images using PyTorch packages. Converting audio clips to Mel-Spectrograms

was necessary to use image classification models for cough and OOD detection tasks.

Table 4. New Datasets used for Phase 11

Data Type Audio Type Dataset
In-Distribution (ID) | Cough Coughvid
FluSense
Speech Musan (Speech)
LibriSpeech
Out-of-Distribution Music & other Musan (Non Speech)
(OOD) random noises

We experimented with multiple sampling frequencies because an additional intent of the study was
to find the minimum sampling frequency such that the cough and OOD detection tasks perform
well while inhibiting speech recognition to prevent any loss of privacy information in audio

recordings.

4.2 Setup and Experiments

As noted above we experimented with multiple sampling frequencies and audio intervals,
but it was not productive and would take enormous amounts of time to test all possible
combinations. To work around this problem, we chose to experiment with a subset of sampling

frequencies € {400, 750, 4000, 16000} to find out the optimal audio interval length, 7, € {1.5, 2,
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3, 4, 5, 10} seconds that we should work for the rest of the study. The total number of samples in

train, validate, and test datasets for different T are shown in Table 5.

Table 5. Number of data points in Train, Validate, Test datasets

7(s) 1.5 2 3 4 5 10

Training | Cough 9522 8204 9918 9384 7074 6282
dataset Speech 9522 8204 9918 9384 7074 6282
Validation | Cough 1602 1387 1669 1556 1124 1095
dataset Speech 1602 1387 1669 1556 1124 1095
Test Cough 1086 931 1057 961 802 748
dataset Speech 1086 931 1057 961 802 748

00D 2172 1862 2114 1922 1604 1496

For the neural network models, we chose to work with a deeper ResNet-50 architecture

with OOD techniques as described in earlier chapters. Both models were based on ResNet-50

architecture. The models are referred to as Entropy Based and Confidence Based, where the

Entropy Based model has IsoMaxPlus loss based OOD detection technique and the Confidence

Based model has the confidence score OOD detection technique applied. Each model was trained

for 6 epochs using a fixed learning rate of 1e-04 with Adam optimizer.

4.2.1 Determine optimal audio duration

Fig. 6, 7, and 8 show results of experiments to find the optimal audio duration or length.

The experiments were conducted with both OOD models. Fig. 6 shows the F1 Score value obtained

when testing on ID data, with cough being the True Positive class. It’s clear from Fig. 6 that the

F1 Score value improves generally for all models as the audio interval length is increased for all
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sampling frequencies but audios with 4 second or higher seem to give better performance than

smaller length audio clips.

F1 Score
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Fig. 7 shows the AUROC values where the TPR and FPR values calculated using In-

Figure 6. F1 Score vs Audio interval length

Distribution data as the True Positive class and OOD data as True Negative. This data is obtained

when a mixture of ID and OOD samples are passed through the models and a threshold MDS or

confidence score value is determined that gives the maximum AUROC value.
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Figure 7. AUROC vs Audio interval length
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Fig. 8 plots the TNR@TPR 95% scores for different audio interval lengths for three

sampling frequencies. True Negative Rate (TNR=TN/(FP+TN)) at 95% True Positive Rate
(TPR=TP/(TP+FN)) is interpreted as the probability that an OOD sample is correctly classified as
OOD when the true positive rate (TPR) is as high as 95%. Both Figure 7 and 8 follow the same
trend which suggests using a 4, 5, or 10 second audio interval gives the best performance. For the

rest of the study, we decided to only use 5 second audio interval lengths.
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Figure 8. TNR@TPR95% vs Audio interval length

4.2.2 Comparison of ID data performance on OOD models

The next step in the work was to find out whether adding OOD techniques in machine
learning models affects model’s performance on ID data. For this comparison we created a baseline
model which is based on ResNet-50 architecture but with a simple linear layer in the end (followed
by SoftMax) for binary classification purposes. The performance of the baseline model was
compared with two other OOD models explained above, which are ResNet-50 Entropy based OOD
technique model and ResNet-50 Confidence based OOD technique model. The comparison was

done by creating models with datasets created at various sampling frequencies € {250, 400, 500,
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750, 1k, 2k, 4k, 6k, 8k, 10k, 12k, 14k, 16k} Hz. 4 models, with different starting seeds, were

trained for each sampling rate for 6 epochs at a fixed learning rate of 1e-04. The results reported
for this experiment are simple means of the scores obtained on the test dataset. Note that while
training and validating the models, only ID data was used and the model that gave best scores on
the 1D validation dataset was chosen as the best model to run on the test dataset. Also note that the
test dataset has both ID and OOD data in them. Fig. 9 shows performance comparison of the three
models on ID data for various sampling frequencies. The model performance is not too different
at higher sampling rates, although the confidence-based model (in yellow) gives somewhat lower
performance than the other too. Fig. 10 shows the Recall values for the three models. There is
more variation in this measure when compared to the Accuracy graph. There is not a consistent
trend where one performs better than other over all sampling frequencies. It does seem to appear
that at higher sampling frequencies the difference in the performance is negligible. The results
from this experiment highlight that including OOD detection techniques in baseline models should
not impact model’s performance on ID data, and in fact the performance should increase as models
encounter OOD data. Models with OOD detection techniques should be able to discard OOD
samples before making an ID data class prediction, thus making fewer mistakes compared to the

model that does not have an ability to discard OOD data.
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Figure 10. ID Data Recall vs Sampling Frequency

4.2.3 0OOD data performance comparison on OOD models

The OOD detection performance of the models is tested next. Fig. 11 shows the results of
mean and standard deviation of 4 confidence-based and entropy-based models. The final model
for each run is selected by looking at performance of ID validation dataset. The performance

measure tracked is overall classification accuracy. For the OOD detection task OOD samples are
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detected by using a distance threshold calculated using the AUROC curves obtained with test
dataset. Similarly, for confidence-based models that threshold is determined using the confidence
score. The results in the Fig. 12 for detection error, F1, precision, and recall use these thresholds.
Note that the FPR@95% TPR is nothing but 1 — TNR@95% TPR, as reported before. The
Detection error on the other hand is defined in Eq 9, where & € [0, 1] are all possible thresholds.
f(x) is the confidence score for an input sample x and P, and P,,,; are the classification probability

of ID and OOD examples respectively, and they are equally weighted with 0.5:

Min{0.5P; (f () < 8) + 0.5Poye(f(2) > 8) } Eq. 9
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Figure 11. OOD detection task results comparison
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In Fig. 11 we can see that the confidence-based model is able to achieve the highest
AUROC, F1 score, and lowest FPR95 and detection errors for the 4kHz sampling frequency.
Besides, all metrics keep relative promising values after 750 Hz sampling rate. It is also clear from
the plots that at higher frequencies the variation increases and there is no generic upward or
downward trends after 6kHz. For the entropy-based models, best performance is achieved at 16
kHz and results are less consistent after 4kHz. When compared with confidence-based models, the
entropy-based models obtain better results at sampling rates of 750 Hz or higher.

For both models 750 Hz is the lowest sampling rate that gives acceptable results. At 4 kHz
confidence-based model perform best and above 8 kHz the results become less consistent. Another
thing to note here is that the AUROC value from the entropy-based model at 16 kHz is slightly
higher than the confidence-based model at 4 kHz with lower standard deviation. The confidence-
based model at 4 kHz performs better than the entropy-based model at 16 kHz but the entropy-

based models are slightly better at dealing with higher frequencies.

4.2.4 Comparison of model performance on ID data mixed with OOD data

The last part of this phase focused on analyzing model’s overall performance when OOD
detection techniques discard OOD samples before a classification is made on ID data. We compare
the OOD detection-based models with the baseline model and vary OOD proportions to find out
at what percentage of OOD samples the baseline models start to degrade in performance. Note that
the baseline models are based on the same architecture as OOD models (ResNet-50), but they do
not have OOD detection techniques. When passing a mix of ID and OOD data we vary the
proportion of OOD data from 0% to 100%, where at 0% there is no OOD data and at 100% the

number of OOD data points equals the total number of ID data points, i.e., cough or speech data.
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This does mean that at 100% the proportion of OOD data points is double the ID data points

because cough and speech have equal number of data points in the ID test dataset.
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Figure 12. Model performance on ID data with varying OOD

Fig. 12 shows the comparison of performance of baseline and OOD detection models on

ID data as OOD proportions are increased. The x-axis represents OOD data proportions that go

from 0% to 100%, where at 0% there are no OOD data in the test dataset and at n% the total

number of OOD samples equal n% of total number of ID samples. E.g., at 100% the OOD samples
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equal ID-cough samples + ID-speech samples. Fig. 12 only shows a comparison for two sampling
frequencies: 16KH and 750Hz and shows three different plots for Precision, F1 Score, and Overall
accuracy. The Precision and F1 score plots show model’s capacity in correctly recognizing ID-
cough class samples among the ID-cough, ID-speech, and OOD class samples present in the test
dataset. The Overall Accuracy plot on the other hand shows model’s capacity in classifying
samples as ID-cough, ID-speech, or OOD. In looking at accuracy plot the initial accuracy of
baseline model is higher than that of OOD detection models but as OOD proportion increases the
baseline model accuracy starts to degrade. This is because when there are no OOD data the baseline
model correctly classifies samples as only ID-cough or ID-speech, but the OOD detection models
incorrectly classifies some ID samples as OOD. But as OOD proportion increases the baseline
model starts to make more mistakes in incorrectly classifying OOD samples as ID while the OOD
detection models can discard OOD samples correctly before making classifications on ID samples.
For the 16 kHz sampling rate the OOD models surpass the baseline model at an OOD proportion
of around 10%, and the accuracy of the baseline drops from 99.89% to around 90%. For the 750
Hz dataset-based models the baseline performance becomes worse than OOD models at OOD
proportion levels of about 15%, and the accuracy of the baseline drops from 98.44% to around
81%. The other thing to note on accuracy graphs is that the OOD models’ accuracy increases with
OOD proportions which happens because as OOD proportion is increased the OOD models are
able to make more overall correct predictions, predictions that include correctly classifying OOD
data with OOD class. For the F1 score and precision graphs as OOD data is introduced the
performance of all models degrade but the baseline model performance degrades much faster than

OOD models. When compared to confidence-based model, the entropy-based model has a lower
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drop in performance on all metrics highlighting the fact that the entropy-based model seems to be
equipped to deal with OOD data.

Because we are using the same ID data in all experiments the True Positive (TP) and False
Negatives (FN) for the ID-cough class do not change and hence the recall scores do not change

either with OOD proportions. Table 6 summarizes recall scores for all models.

Table 6. Recall scores comparison

Sampling Rate Recall scores (%)

Baseline Model Confidence OOD model | Entropy OOD model
16000 Hz 1 86.53 90.40
750 Hz 97.26 73.07 83.92

Overall, the recall scores for the baseline model are much better than OOD models but note
that recall scores only account for TP and FN of ID-cough class samples and does not take into
account False Positives and True Negatives. There are large gaps in performance at lower sampling
rates than at higher sampling rates, e.g., for 750Hz sampling rate the recall score for baseline model
is about 24% better than confidence based models and about 14% better than entropy based
models. For 16 kHz, the difference is a little lower, with about 14% for confidence based model

and only 10% for entropy based model.

4.3 Learnings
A sampling rate of 750Hz or above gives good results in terms of specificity, sensitivity,
and F1 scores for correctly classifying cough in audio recordings and models with built-in OOD

detection techniques perform better than models without OOD detection.
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Chapter 5: Compare performance of time frequency functions

This chapter provides details of Phase 111 of the work, which concentrated on comparing
performance of models trained on spectrograms generated using two different time-frequency
analysis algorithms, Short-term Fast Fourier Transforms (St-FFT) vs SAS Short-term Parametric
Power Spectral Density (St-PPSD). Sections below provide details on the datasets used and the

results obtained on cough classification with OOD.

5.1 Datasets

We used the same datasets as described in Chapter 4.

5.2 Setup and Experiments

For these experiments we had to generate regular spectrograms based on St-FFT
transformations and spectrograms based on St-PPSD transformations. As with Mel-spectrograms
we used PyTorch torchaudio packages to create regular spectrograms and for St-PPSD we used
SAS macros and SAS ESP servers where PPSD transformations can be generated. In addition to
the ESP server, we also used low level functions in SAS to generate PPSD data. The downside
with generating PPSD data is that it takes a lot of time when compared with FFT data using
PyTorch packages. Due to this shortcoming, we were not able to test with all sampling frequencies
and were forced to cut short our experiments to only use 400, 750, and 4kHz with 5 sec audio
length samples. The other important point to note here is that unlike other experiments where we
used Mel-Spectrograms in this experiment we only used regular spectrograms because at the time
of conducting the experiments there were no available functionalities to convert PPSD datasets

into mel scale.
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For the neural network models, we used only the entropy based OOD detection model and
did not use the baseline model or the confidence based OOD model. The experiments were
conducted twice over the course of the study. The first time we used SAS Macros to generate
PPSD datasets and used ResNet-50 architecture-based entropy OOD model. The process was slow
because working with SAS Macros was very inefficient and took a lot of time. The second time
the PPSD datasets were created we used SAS ESP servers, which was slow too compared to the
time it takes to generate FFT transformations using PyTorch packages, but much faster than using
SAS Macros. For the second dataset we changed our model architecture backbone from ResNet-
50 to EfficientNetV2. We created 3 models for each sampling rates with both FFT and PPSD based
datasets. Training was done for 6 epochs with a fixed learning rate of 1e-04 and Adam optimizer.
The best models were found by monitoring performance on the validation ID datasets. The
performance metric that was tracked was the overall accuracy. Results reported in this study are

obtained using the datasets created using the ESP server.

5.2.1 Why were the comparisons performed?

We performed these experiments because the quality of spectrogram images generated
using FFT and PPSD transformations vary significantly. The PPSD transformation spectrograms
have much less noise compared to the FFT spectrograms. Fig. 13 shows a comparison of the two
spectrogram images for the same audio input. It is clear from the figure that PPSD spectrograms
have less noise and cleaner features to learn as compared to FFT spectrogram. One would expect

models trained on PPSD datasets to perform better than FFT spectrogram datasets.
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Figure 13. PPSD and FFT spectrogram

5.2.2 Performance comparison

The first experiment compares performance of models on the ID test dataset accuracy
metrics. Accuracy refers to the percent of samples correctly classified as either ID-cough or ID-
speech in the test dataset that had only cough and speech samples. Fig. 15 has results on the
comparison. To our surprise models trained on PPSD datasets did not perform as well or better
than the models trained on FFT datasets.

The Accuracy graph in Fig. 14 (left side) shows models with Regular Spectrograms, i.e.,
FFT spectrograms performs consistently better than PPSD dataset models for all tested sampling
frequencies. The F1 score graph (right side), which shows models capacity in correctly
distinguishing between ID and OOD samples shows a better performance for PPSD dataset

models.
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Figure 14. Performance comparison between PPSD and FFT dataset trained models

At 750Hz sampling frequency the PPSD datasets perform better than FFT and for 4K Hz

sample rate both models perform about the same.

5.3 Learnings
PPSD dataset trained models did not exhibit any significant gains over FFT datasets. Note
that the study was constrained because of the time it takes to generate PPSD datasets and hence

future work is planned to test models at other sampling frequencies.
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Chapter 6: Optimization of Mel Spectrograms for cough detection

This chapter provides details of the last phase, phase IV of the work. The data used in so
far in our study consisted of 2D Mel Spectrogram images that were generated using a fixed set of
spectrogram generation parameters across all frequencies. In this phase we conducted additional
experiments to analyze the effect of changing the Mel Spectrogram generation parameters on
model performance. We consider the model trained on datasets generated using the
aforementioned fixed parameters as the baseline model to which we compare results of models
trained on datasets created using other parameters. In this phase we only worked with 5 second
audio samples at 750Hz but generated Mel Spectrogram images using 13 different spectrogram
generation parameter combinations as listed in the left half of Table 6. The parameters tested were
Window type, FFT size, # of Mel Filterbanks, Window Length, and Hop Length. As stated above
we only experimented with the 5 second audio recordings, but for higher sampling rates the length

of audio should be considered as another parameter to test.

6.1 Datasets

We used the same datasets as described in Chapter 4.

6.2 Setup and Experiments

In total around 20,000 samples of 5 seconds audios were generated from the datasets and
were split into 75% training, 15% validation, and 10% test data split. When testing with OOD data
we increase the proportion of OOD samples from 0 to 50% of ID data, where at 50% the number
of OOD samples equal the number of cough or speech samples. Datasets were created for each of

the 13 parameter combinations (highlighted in grey in Tables 7 and 8) and subsequently multiple
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models were trained for each combination. For models we continued using EfficientNetV2 as our
backbone and trained only the Entropy based OOD model. Mel spectrogram images generated for
each combination were used to train and test 39 models (13 combinations x 3 models with different
starting seeds). We set the learning rate to 1e-04 and trained each model for 6 epochs. Each dataset
had 14,000 ID samples in the training dataset, 2250 ID samples in the validation dataset, and 1604
ID samples in test dataset, equally split between cough and speech. OOD data is not used for
training or validation and so we only created the test dataset for OOD that had 804 samples. For
selecting the best model during training, validation dataset accuracy on ID dataset was monitored.
Model that gave best accuracy on ID data, i.e., in detecting cough and speech samples, was chosen
as the model for the combination. All scores reported in the tables below are mean/simple average
of the scores obtained on the three models on test dataset. Note that the baseline model dataset was
created using these parameters: Window Type: Hann Window, FFT Size: 1024, # of Mel

Filterbanks: 128, Window Length: 1024, and Hop Length: 64.

6.2.1 Why were the comparisons performed?

Fig. 16 illustrates differences in images obtained using different parameters (a subset of
the 13 combinations). The parameters are listed in the first column. The next three columns show
Cough, OOD, and Speech audio Mel Spectrograms generated for each of the four combinations
respectively. It is apparent from the images that the size and resolution of images are different for

the models to learn different set of features and hence perform differently.



37

Cough OOD Speech

Window Type: Hann

N_fft: 1024
N_mels: 128
Window Size: 1024
Hop Length: 64

Window Type: Hann

N_fit: 1024
N_mels: 128
Window Size: 128
Hop Length: 32

Window Type: Kaiser

N_fft: 1024
N_mels: 128
Window Size: 256
Hop Length: 64

Window Type: Kaiser

N_fft: 1024 uu

N_mels: 512 | Wi ﬁ(“"
Window Size: 128 W
Hop Length: 16 | ;,'(.'

N :
\

Figure 15. Mel spectrogram images for different parameter combinations

6.2.2 Model performance on ID data

Table 7 shows results of different model performances on ID data ID data correctly
classified cough sample is classified as True Positive. Results highlight that models trained on
datasets generated using kaiser windows generally perform better than the ones generated using

Hann windows.
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The model that gives best performance is based on the datasets generated using the following
parameters: Window Type: Hann, FFT Size: 1024, # of Mel Filterbanks: 128, Window Length:
256, and Hop Length: 32, highlighted in bold color in Table 6. The baseline model results in the
table are italicized and the second-best model results are shown in blue color. Compared to the

baseline model the model with best parameter combination results gives an overall performance

gain of about 1%.

Table 7. Model performance on In Distribution data for each combination of parameters.

Window | FFT Mel Window | Hop AUROC Recall Precision
Type Size Filters | Length Length
512 128 256 32 98.88+0.39 | 98.88+0.39 | 98.79+0.50
1024 128 128 32 99.00+0.65 | 99.00+0.65 | 98.88+0.37
1024 128 256 32 99.44+0.16 | 99.44+0.16 | 99.29+0.19
Hann 1024 128 256 64 08.42+0.42 | 98.43+0.42 | 98.30+1.10
Window 1024 128 512 32 99.11+0.53 | 99.11+0.53 | 98.67+0.68
1024 128 1024 64 98.52+0.37 | 98.53+0.36 | 98.50+0.66
512 128 256 32 99.11+0.27 | 99.11+0.23 | 98.67+0.63
1024 128 256 32 99.04+0.42 | 99.06+0.40 | 98.17+0.92
1024 128 512 32 98.98+0.28 | 98.99+0.28 | 98.96+0.94
1024 128 1024 64 98.38+0.53 | 98.39+0.53 | 97.92+1.06
Kaiser 1024 256 256 32 99.36+0.16 | 99.36+0.16 | 99.04+0.07
Window | 1024 | 512 128 16 99.13+0.28 | 99.14+0.27 | 98.63+0.77
2048 128 1024 64 99.00+0.16 | 99.00+0.16 | 99.04+0.19

6.2.3 Model performance on OOD data
OOD detection performance is measured by the model’s ability to distinguish between ID
and OOD data. Table 8 reports results for various metrics for OOD performance. As with 1D results

the baseline model results are italicized, the parameter combination that gives best results are
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highlighted in black bold, and second best performance model results are highlighted in blue. The

combination with Window Type: Kaiser window, FFT size: 1024, # of Mel Filterbanks: 256,
Window Length: 256, and Hop Length: 32, gives overall best results, although the best TNR @
95% TPR is obtained for a Hann window combination highlighted in bold in Table 8. In
comparison with the baseline model the model that gives best results has an overall performance

gain of about 6-9% for the AUROC, Recall, Precision, and F1 score metrics.
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Table 8. Model performance on OOD Data for each combination of parameters.

Window | FFT Mel Window | Hop AUROC Recall Precision | F1 Score Detection | TNR at
Type Size Filters | Length Length Error 95% TPR
512 128 256 32 90.16+3.27 | 83.79+3.47 | 84.21+2.94 | 83.72+3.55 | 13.97+4.46 | 59.10+11.4
1024 128 128 32 93.12+3.65 | 88.35+6.04 | 88.60+5.82 | 88.32+6.07 | 11.64+6.04 | 59.78+15.7
1024 128 256 32 91.93+4.07 | 85.13+6.68 | 85.42+6.73 | 85.10+6.69 | 14.86+6.68 | 61.72+14.7
Hann 1024 128 256 64 90.21+3.01 | 84.59+3.66 | 85.24+3.92 | 84.52+3.66 | 15.41+3.66 | 42.31+12.7
Window 1024 128 512 32 92.86+3.15 | 88.10+1.76 | 88.51+1.31 | 88.07+1.81 | 11.89+1.76 | 49.66+23.8
1024 128 1024 64 88.75+4.59 | 81.77+5.31 | 82.18+4.93 | 81.69+5.41 | 18.22+5.31 | 45.65+16.2
512 128 256 32 90.82+5.09 | 84.16+6.68 | 84.69+6.35 | 84.08+6.77 | 15.84+6.68 | 54.46+17.7
1024 128 256 32 94.30+1.18 | 89.75+3.34 | 90.19+3.63 | 89.73+3.32 | 10.24+3.34 | 60.52+7.46
1024 128 512 32 93.20+0.51 | 87.09+1.10 | 87.60+£1.22 | 87.05+£1.10 | 12.91+1.10 | 54.92+1.76
1024 128 1024 64 90.97+0.53 | 85.12+0.55 | 85.92+0.56 | 85.04+0.55 | 14.87+0.55 | 40.77+£10.6
Kaiser 1024 256 256 32 94.47+0.24 | 90.08+1.56 | 90.37£1.68 | 90.06+£1.56 | 9.92+1.57 | 60.05+9.10
Window | 1024 512 128 16 92.89+3.28 | 87.85+5.98 | 88.53+5.55 | 87.78+6.06 | 12.15+5.98 | 54.53+8.09
2048 128 1024 64 90.35+4.29 | 84.10+4.69 | 84.66+4.19 | 84.02+4.78 | 15.89+4.69 | 50.52+13.2
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The OOD results have a lot more variability compared to ID results. This could be because OOD
data is not used during validation and so a slight variation in finding Minimum Distance Score

would affect ID performance marginally but can affect OOD performance significantly.

6.2.4 Model performance on In Distribution data with OOD detection

In this experiment we analyze performance of the models by first introducing OOD data in
the test dataset and then letting the model discard OOD samples before making classifications. We
increase the proportion of OOD data upto to 50%, where at 50% that there are as many OOD
samples as there are cough or speech samples. Fig. 17 shows the performance of models created
using different Mel spectrograms. In the figure we are only showing the top 5 best performing
combinations and the worst performing combination in each graph for clarity. The baseline model
performance is colored in black. The Overall Accuracy graph shows models ability to correctly
classify samples as ID-cough, ID-speech, or OOD. In general, the Overall Accuracy of the models
increase as the OOD percentage is increased but the baseline model accuracy reaches only 80% as
compared to the best performing model with accuracy of about 89%. The Precision and F1 score
graphs show an inverse trend with OOD proportions because as the OOD proportion increases the
models make more mistakes in classifying OOD as ID data. At 50% OQOD proportion levels the
Precision and F1 scores for the best performing model are a respectable 93% and 90% compared
to the baseline model’s 85% and 83% scores. As with previous findings the Recall values do not
change with increasing OOD proportions. As stated before, the results confirm that not all
parameter combinations perform equally and that there is an optimal combination for a sampling

frequency that outperforms others. In this experiment the models that gives the best ID
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classification with OOD detection are obtained with Mel Spectrograms generated using the

following parameters: Window Type: kaiser, FFT size: 1024, # of Mel Filterbanks: 256, Window

Length: 256, and hop length: 32.
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Figure 16. Model performance with varying OOD proportions

6.3 Learnings

The results of the experiment confirm the hypothesis that before training models we should

investigate the hyper parameters to identify which combination will perform the best for a sample

rate. This experiment was carried for only 750Hz sampling rate, but the results can be extrapolated

to other sampling frequencies.
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Chapter 7: Conclusions and Future work

We created a robust cough classification pipeline with OOD data detection techniques. The
machine learning algorithms or models developed in this study can detect In-Distribution (ID)
cough audio while detecting and discarding OOD audio. Implementation of OOD techniques do
not significantly affect model performance on ID data. We performed a variety of experiments to
find the minimum sampling frequency and length of audio recordings to be able to correctly
classify cough and found that sampling rates greater than 750 Hz with audio lengths of 4-10
seconds can be used to convincingly detect cough. We also found some limitations of including
OOD detection techniques in the models. If the audio recordings to not contain any OOD data and
has only speech and cough signals, then models without OOD detection techniques perform much
better than models with OOD techniques. On the other hand, if there is OOD data present the
baseline models start to perform poorly as OOD proportions start increasing. We also used OOD
data to find thresholds for both confidence based and entropy based OOD models to sperate 1D
from OOD data. In real life we will not have access to OOD data and hence more work is planned
to not have to use OOD data to find threshold values.

We also compared performance of models trained with Short-term Fast Fourier Transforms
(St-FFT) based regular spectrogram datasets with datasets based on Short term Parametric Power
Spectral Density (St-PPSD) and found that even though the PPSD datasets have less noise in the
images the model performance did not translate to higher accuracy. The caveat here is that we
performed limited number of experiments so we cannot be certain that this finding will hold true
for all sampling frequencies. We plan to conduct more experiments with different sampling

frequencies, model backbones, spectrogram generation parameters etc. to do a fair comparison.
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We also proved that parameters used to generate 2D Mel Spectrogram images, i.e., datasets
to train models have an impact on their performance. We tested 13 different combinations of
parameters and found that some parameters perform better than others. We did not perform a
systematic comparison of all viable possible combinations of parameters but instead chose a
subset. We proved that when creating data for training neural network models an optimal
combination of parameters should be sought. Experiments conducted in this study were restricted
to 750Hz sampling frequency and a 5 sec audio interval, but the results can be easily extrapolated
to other sampling frequencies and audio intervals. Our experiments showed that for models trained
on the optimal combination of parameters there was a marginal gain of about 1% in ID data
classification performance but a significant gain of about 8% in OOD detection performance as
compared to models trained on the baseline combination of Mel Spectrogram generation

parameters.
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